Datasets and pre-processing
To illustrate the functionality of the RepExplore software, the web-application provides example analyses with 6 public omics datasets derived from comparative wild-type vs. knockout/mutant studies and human disease-related case/control studies. An overview of these datasets, including the data type, sample numbers for the biological and technical replicates, and references, is provided in Table S1 . The datasets represent different levels of complexity, quality and structuredness in order to exemplify the range of outputs obtained with RepExplore on diverse types of data.
Before applying the statistical analyses to obtain the ranking tables and visualizations provided in the following sections, the log-scaled intensity measurements from all datasets underwent a median-scaling normalization to ensure that all samples have the same median value. For the protoeomics data derived from the ProtoArray platform, prior to the median-scaling the data from different batches was additionally normalized and adjusted using the Cyclic Loess and ComBat approaches [Ballman et al., 2004 , Johnson et al., 2007 . For the metabolomics data from the studies on Arabidopsis thaliana, except for the additional median-scaling the data pre-processing from the original study was retained [Böttcher et al., 2009 , Anderson et al., 2014 .
Dataset
Type # samples × # technical replicates References
Arabidopsis thaliana Metabolomics 3×2 (mutant) / 3×2 (wild-type) [Anderson et al., 2014] Arabidopsis thaliana Metabolomics 4×2 (knockout) / 4×2 (wild-type) [Böttcher et al., 2009] Alzheimer's disease Proteomics 50×2 (case) / 40×2 (control) [Nagele et al., 2011] Parkinson's disease Proteomics 29×2 (case) / 40×2 (control) [Han et al., 2012] Type 1 Diabetes mellitus Proteomics 16×2 (case) / 27×2 (control) [Koo et al., 2014] Breast cancer Proteomics 30×2 (case) / 40×2 (control) [Nagele et al., 2011] Table S2 : Differential abundance ranking for the Arabidopsis dataset by Anderson et al. For each of the top 20 metabolites, the logarithmic fold-change between wild-type and knockout samples (logFC), the probability of positive likelihood ratio (PPLR) statistic, the transformation of the PPLR into a P-like significance score (min(PPLR,1-PPLR)) and the empirical Bayes moderated t-test (eBayes) p-value and adjusted p-values (Q-value) using the Benjamini-Hochberg method [Benjamini & Hochberg, 1995] are reported. Table S3 : Differential abundance ranking for the Arabidopsis dataset by Böttcher et al. For each metabolite, the logarithmic fold-change between wild-type and knockout samples (logFC), the probability of positive likelihood ratio (PPLR) statistic, the transformation of the PPLR into a P-like significance score (min(PPLR,1-PPLR)) and the empirical Bayes moderated t-test (eBayes) p-value and adjusted p-values (Q-value) using the Benjamini-Hochberg method [Benjamini & Hochberg, 1995] are reported. Figure S4 : Heat map visualization of metabolite abundance differences between knockdown (KO) and wild-type samples from the Arabidopsis dataset by Böttcher et al. according to the PPLR score as an example output of RepExplore, using average linkage hierarchical clustering for both rows and columns (rows = metabolites, columns = samples). Since error bars cannot be included in the heat map, the colors provide a representation of the row Z-scores of the intensities averaged across the technical replicates (blue = low relative abundances, red = high relative abundances). Table S4 : Differential abundance ranking for the Alzheimer's dataset by Nagele et al. For each of the top 20 proteins, the logarithmic fold-change between Alzheimer's disease and non-demented control samples (logFC), the probability of positive likelihood ratio (PPLR) statistic, the transformation of the PPLR into a P-like significance score (min(PPLR,1-PPLR)) and the empirical Bayes moderated t-test (eBayes) p-value and adjusted p-values (Q-value) using the Benjamini-Hochberg method [Benjamini & Hochberg, 1995] are reported. Figure S6: Heat map visualization of the top 15 protein abundance differences between Alzheimer's disease and non-demented control samples from the study by Nagele et al. according to the PPLR score as an example output of RepExplore, using average linkage hierarchical clustering for both rows and columns (rows = proteins, columns = samples; in order to view the protein identifiers, please use the interactive version of the heat map on the RepExplore web-application). Since error bars cannot be included in the heat map, the colors provide a representation of the row Z-scores of the intensities averaged across the technical replicates (blue = low relative abundance, red = high relative abundance). Table S5 : Differential abundance ranking for the Parkinson's dataset by Han et al. For each of the top 20 proteins, the logarithmic fold-change between Parkinson's disease and non-demented control samples (logFC), the probability of positive likelihood ratio (PPLR) statistic, the transformation of the PPLR into a P-like significance score (min(PPLR,1-PPLR)) and the empirical Bayes moderated t-test (eBayes) p-value and adjusted p-values (Q-value) using the Benjamini-Hochberg method [Benjamini & Hochberg, 1995] Table S6 : Differential abundance ranking for the Diabetes mellitus type 1 dataset by Koo et al. For each of the top 20 proteins, the logarithmic fold-change between Diabetes mellitus type 1 and control samples (logFC), the probability of positive likelihood ratio (PPLR) statistic, the transformation of the PPLR into a P-like significance score (min(PPLR,1-PPLR)) and the empirical Bayes moderated t-test (eBayes) p-value and adjusted p-values (Q-value) using the Benjamini-Hochberg method [Benjamini & Hochberg, 1995] are reported. Relative expression level Figure S9 : Whisker plot for the top differentially expressed protein (Glutamate decarboxylase 2) in the Diabetes mellitus type 1 dataset by Koo et al. according to the PPLR approach and eBayes approach applied to the mean-summarized replicates, i.e. for this dataset the methods agreed on the top-ranked protein.
Results for the
Figure S10: Heat map visualization of the top 15 protein abundance differences between Diabetes mellitus type 1 and control samples from the study by Koo et al. according to the PPLR score as an example output of RepExplore, using average linkage hierarchical clustering for both rows and columns (rows = proteins, columns = samples; in order to view the protein identifiers, please use the interactive version of the heat map on the RepExplore web-application). Since error bars cannot be included in the heat map, the colors provide a representation of the row Z-scores of the intensities averaged across the technical replicates (blue = low relative abundance, red = high relative abundance). No clear discriminative pattern could be identified in this dataset.
2.6 Results for the Breast cancer dataset by Nagele et al. Table S7 : Differential abundance ranking for the Breast cancer dataset by Nagele et al. For each of the top 20 proteins, the logarithmic fold-change between Breast cancer and control samples (logFC), the probability of positive likelihood ratio (PPLR) statistic, the transformation of the PPLR into a P-like significance score (min(PPLR,1-PPLR)) and the empirical Bayes moderated t-test (eBayes) p-value and adjusted p-values (Q-value) using the Benjamini-Hochberg method [Benjamini & Hochberg, 1995] Figure S12: Heat map visualization of the top 15 protein abundance differences between Breast cancer and control samples from the study by Nagele et al. according to the PPLR score as an example output of RepExplore, using average linkage hierarchical clustering for both rows and columns (rows = proteins, columns = samples; in order to view the protein identifiers, please use the interactive version of the heat map on the RepExplore web-application). Since error bars cannot be included in the heat map, the colors provide a representation of the row Z-scores of the intensities averaged across the technical replicates (blue = low relative abundance, red = high relative abundance).
Since the added value of the probability of positive likelihood ratio (PPLR) statistic for ranking differentially abundant biomolecules consists in exploiting the measurement variance information from technical replicates, we evaluated whether increasing numbers of technical replicates also result in improved detection of truly altered features by using simulated data with known truly differential attributes. Specifically, we generated a set of simulated normal data with constant standard deviation of σ = 1, containing 100 samples (here corresponding to the biological replicates) divided into two balanced sample groups (50 samples in group 1 and 50 in group 2) and 1000 features/biomolecules, consisting of 900 uncorrelated, irrelevant biomolecules and 100 known differentially abundant biomolecules (with a fixed effect size of D = 1). Next, simulated technical replicates with additional measurement noise were created for each biological sample by first copying the original simulated data 10 times and then inserting additional random noise into each of the 10 copies (using the function jitter in the R Statistical Programming Language). The PPLR statistic was then applied to incrementally expanded, combined subsets of this data corresponding to increasing numbers of technical replicates, from 2 technical measurements per sample up to 10 (adding one further technical replicate per sample to the input dataset in each step). To evaluate the results for the obtained 10 PPLR-rankings of the 1000 features/biomolecules, we quantified the enrichment of the 100 known differentially abundant biomolecules among the top-ranked biomolecules in each of the PPLR-rankings using the normalized Kolmogorov-Smirnov statistic (see [Mootha et al., 2003] ; in short, larger values of this statistic correspond to an improved enrichment of the known differential biomolecules among higher-scored entries in the currently considered ranking list). The resulting enrichment statistics for increasing numbers of used technical replicates are shown in the bar chart in Fig. S13 (all enrichment scores were significant with a permutation-based p-value < 0.001). This figure clearly reveals that for the simulated data the enrichment statistic increases strictly monotonously with increasing numbers of replicates, showing that the PPLR approach was able to exploit an added informative value from each series of technical replicates included in the dataset. 
